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ABSTRACT 
Human immunodeficiency virus (HIV) and acquired immunodeficiency syndrome 
(AIDS) (HIV I AIDS) is a major public health problem in Zambia. Despite some evidence 
that the pandemic may have reached a plateau or perhaps has begun to decline at the 
national level, HIV continues to increase in different sub-populations such as adults above 
19 years old. The characterization of the spatial patterns of HIV prevalence in the country 
as well as description of possible determinants of HIV rate variation can direct surveillance 
efforts and assist in the development of HIV I AIDS control and prevention programs. 
The spatial distribution of HIV prevalence per district (N=72) in Zambia for 
periods 1994, 1998, 2002 and 2004 were defined. Using a geographical information 
system (GIS), a georeferenced database was created. Included in the database were sentinel 
data, number of pregnant women sampled, age, socio-economic and demographic data, 
political boundary shapefiles, road network and HIV rates per year. Spatial analysis such 
as inverse distance weighted (IDW), spatial statistics (Moran's I) and UNAIDS' estimation 
and projection package techniques were performed. 
Smoothed maps obtained from both IDW and zonal statistics for the four years 
under study reveal a spatial variation in HIV prevalence with urban and provincial districts 
having higher prevalence than rural areas. However, there was an overall trend of decrease 
in HIV prevalence across the country with the year 2004 exhibiting the most reduction, 
coinciding with protective sexual behavior campaigns operating in the country. Analysis of 
regression residuals indicated high spatial autoconelation: Moran's I value was 0.28 (z = 
4.12 and p < 0.000) and a highly significant Robust LM (lag), (p < 0.00000), suggestive of 
a diffusion process. 
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Furthermore, the clustering of HIV prevalence rates among interdependent districts 
suggest that HIV control programs in the country would require an integrated approach 
combining HIV prevention messages as well as an understanding of social and cultural 
interactions between interdependent districts that produce behavioral diffusion of HIV 
prevalence rates. 
Future and current projections of HIV prevalence were obtained with UN AIDS' 
estimation and projection package techniques for periods 1980 to 2010. Results revealed a 
sharp increase of HIV prevalence rates since 1984 when HIV was first reported in the 
country and a gradual decrease in prevalence rates thereafter. These results indicate that 
HIV prevalence in Zambia is expected to stabilize or even decrease further if current trends 
continue. 
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CHAPTER I: INTRODUCTION 
Human immunodeficiency virus (HIV) and acquired immunodeficiency syndrome 
(AIDS) (HIV/AIDS) ranks among the most important public health problems in Zambia 
with an estimated 1.2 million people living with HIV and 630,000 with AIDS (WHO 2000; 
ZDHS 2001-2002). Since its discovery in Zambia over two decades ago (Chanda and 
Gosnell 2006; Flykesnes, Brunbrg, and Msiska 1994; Garbus 2003; WHO 2005), the virus 
has continued to be a major cause of clu·onic infectimis, premature deaths (UNAIDS/WHO 
2006), decreased life expectancy and a serious impediment to the economy. Current 
estimates of HIV prevalence among adults in Zambia is about 16%, twice the average 
prevalence in Sub-Saharan Africa. 
Like many other infectious diseases, HIV I AIDS prevalence vanes among 
subpopulations. For example, studies have found that the prevalence of HIV seropositivity 
is 40% in tuberculosis patients, 30-40% in STD patients, 10-30% in prisoners, 10% in 
antenatal women and only 5-10% for blood donors (Tembo and Hira 1989). Although 
current estimates indicate that HIV/AIDS prevalence is stabilizing or even declining at 
national level (Syacumpi, Liywali, Mbale, and Syacumpi 2003; UNAIDS/WHO 2004; 
UNAIDS/WHO 2005; WHO 2005), there is concern that these estimates maybe under or 
over predictions of the magnitude of the disease. Moreover these estimates are based on 
national rather than local data. Consequently, there is continued interest in improving 
techniques for estimating HIV/AIDS. The primary objective of the study is to model HIV 
prevalence using geo-spatial tools based on local sera-surveillance data obtained from 
testing pregnant women attending designated antenatal clinics in Zambia. Specifically, 
this study attempts to: 
( 1) Identifies the spatial patterns of HIV prevalence rate in the Zambia and 
generates mean HIV prevalence rates per district, 
(2) Estimates an econometric model that can be used to identify factors responsible 
for regional variations in HIV prevalence in the country. The study recognized 
the regional differences in socioeconomic and demographic factors and as a 
result tries to investigate the relationship of these variables and 2004 HIV 
prevalence and, 
(3) Estimates and predicts future HIV prevalence. 
The history of spatial epidemiology strongly emphasizes the implementation of 
integrated approaches. Geographically based monitoring systems and spatial statistics are 
an. impmiant component of contemporary statistical and mathematical modeling of public 
health data (Hugo 2000; McLafferty and Cromley 2002; Moonan, Bayona, Quitugua, 
Oppong, Dunbar, Jost, Burgess, Singh, and Weis 2004; Pillay 2003). GIS can be used to 
detect disease clustering (AvRuskin, Jacquez, Meliker, and Slotnick 2004), query and 
analyze data at different spatial scales (Kitron et al. 1998) allowing for more sophisticated 
analyses to be made. Patterns depicted on maps can be strongly suggestive of causal 
relationships that lead to possible intervention measures and where those measures are 
most likely to be effective. Spatial statistical models provide a clearer picture to the likely 
causal factors of the spatial diffusion of HIV, such as major transport routes, cultural 
practices and human mobility patterns. 
The techniques presented in this paper build upon recent work in medical 
geography especially the one by Kalipeni and Zulu (Forthcoming). Kalipeni and Zulu 
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discuss the importance of geospatial analyses in developing measures for monitoring and 
predicting the spread of HIV I AIDS in Africa. In their study, they offer a geographic 
alternative to methods for generating countrywide HIV I AIDS prevalence data utilizing 
scanty sera-surveillance data such as the ones to be used in this study. Kalipeni and Zulu 
use two distinct yet powerful analytical techniques. The first, spatial statistical modeling 
and spatial interpolation is drawn from traditional medical geography, a branch of human 
geography that deals with the geographical aspects of health and health care. The second 
technique is a surveillance mathematical modeling method drawn from epidemiology and 
integrated into the newly developed UNAIDS Estimation and Projection Package (EPP). 
The model has been used for generalized epidemics to generate estimates of future 
HIV prevalence and incidence and the number of people likely to be infected (Garnett, 
Grassly, Boerma, and Ghys 2004; Kalipeni and Zulu Fourthcoming). A country is said to 
have a generalized epidemic if HIV prevalence among pregnant women is at least 1% and 
transmission is mostly heterosexual (UNAIDS 2006). An alternative Estimation and 
Projection Package (EPP) model which is a mathematical model developed by the Joint 
United Nations Programme on HIV/AIDS (UNAIDS) was used for making national 
estimates and for projection into the future based on observed prevalence trends in 
antenatal clinics. The EPP has proved to be a better methodology than the EPIMODEL 
(another estimation package) because instead of using a start date for the epidemic and a 
single prevalence estimate to define a gamma curve to represent HIV prevalence (Chin and 
Lwanga 1991 ), the EPP allows the stratification of the national population into groups and 
allows the appropriate weighting of surveillance data to be user defined, facilitating careful 
consideration of the epidemiological situation. 
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This paper extends these techniques by incorporating a geographical dimension. 
This means that apart from estimating and predicting future HIVIAIDS prevalence, spatial 
econometrics models are used to test for any spatial dependence that may exist in the data 
and to explain any location effects that might be influencing HIV prevalence. The 
assumption is that districts located near each other will be more likely to have similar 
prevalence rates and to be affected by similar factors than districts located further apart 
(spatial autoconelation). The aim of the study is to use spatial models to aiel in identifying 
specific factors that are responsible for the observed HIV prevalence clusters in Zambia. 
Incorporated in the models, as in the traditional statistical analysis, are social economic and 
demographic independent variables. 
The rest of the thesis is organized in four chapters as follows: Chapter II presents a 
review of the existing literature and empirical studies on the importance of surveillance 
data. We examine the literature that looks at the way in which surveillance data has been 
used in HIV I AIDS research as well as the literature on the mathematical and statistical 
models that have been used for HIV I AIDS estimates. Literature on the use of spatial 
analyses in health research is also examined. By highlighting these processes, the study 
stresses the importance of sera-surveillance data in modeling HIV I AIDS in developing 
countries where accuracy of surveillance data is often contested, especially in the context 
of limited viable surveillance systems and resources. 
Chapter III presents a conceptual framework of the research by indicating what will 
be investigated and the method of the study. In the same chapter, a health problem 
analytical framework obtained from the literature review for causative factors as they relate 
to HIV I AIDS in Zambia is given. There is also a detailed review of the data and procedure 
4 
used in creating the study variables. Quantitative models derived from GIS analysis and 
regression analyses in GeoDa are also explained. Chapter IV outlines the results and 
discusses the estimated model and the hypothesis being tested. Finally, chapter V offers 
concluding remarks and areas for possible future research. Hypotheses were tested: 
(1) Districts with higher HIV prevalence are expected to exhibit spatial clustering. 
(2) Literacy rate of those between 15 and 25 is expected to have a negative association 
with HIV prevalence bearing in mind that the more educated people are, the more 
likely they are to have access to health care and HIV I AIDS information. As 
literacy rate increases, HIV prevalence decreases and people get better at seeking 
HIV I AIDS information, prevention and treatment. 
(3) Unemployment rate is supposed to have a positive relationship with HIV 
prevalence given that unemployment rate perpetuates povetiy. Areas with higher 
rates of unemployment levels are expected to have higher HIV prevalence rates. 
( 4) Urban residence should have a positive association with HIV prevalence. 
Urbanization is known to increase people's risks for HIV infection. 
(5) Rural residence should have a negative relationship. This is mainly due to the fact 
that rural areas are inaccessible and remote from the interactions going on in urban 
areas. However, it should also be hypothesized that people in rural areas are far 
removed from key facilities and information that are available in cities thereby 
increasing HIV prevalence levels. Also, people living with HIV occasionally return 
to rural areas to visit families increasing chances of transmission. 
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CHAPTER II: LITERATURE REVIEvV 
The primary focus of this literature review was to gather information from 
previous studies about determinants of HIV prevalence, HIV modeling, use of HIV 
surveillance data, and geo-statistics in HIV I AIDS research. The review covers 
surveillance methods ~nd theoretical tools that have been used to interpret HIV 
surveillance data in related studies. There is evidence that acknowledges current 
knowledge on HIV prevalence rates as critical in the estimation of current and future 
trends in the HIVIAIDS epidemic (Kaplan and Brookmeyer 1999c; Salomon and Murray 
2001). Unfortunately, obtaining such knowledge is difficult because in Zambia and most 
other countries HIV is not a reportable condition (Kaplan and Brookmeyer 1999c ). 
Monitoring difficulties presents challenges in obtaining reliable information about current 
HIV levels, spatial trends and the temporal course of the HIV I AIDS epidemic in the 
country resulting in the ongoing debate and validity of current HIV I AIDS estimates. 
Several modeling approaches have been developed for estimating HIV prevalence 
rates since its discovery two decades ago. The most commonly used approach in 
modeling HIV is the back-calculation or projection approach. Back-calculation has been 
used on United States data in many studies (Broolm1eyer and Damiano 1989; 
Brookmeyer and Gail 1986; Brookmeyer and Gail 1988; Broolrmeyer and Gail 1994; 
Kaplan and Brookmeyer 1999c; Rosenberg, Biggar, Goedert, and Gail 1991) and on 
United Kingdom data by Isham (1989) to reconstruct past rates ofHIV infection, estimate 
current prevalence of HIV infection, and predict future prevalence of AIDS. These 
techniques depend on three key components: the assumed incubation period, the observed 
counts of AIDS diagnoses over time, and a. model for distribution of infections 
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(Bacchetti, Segel, and Jewell 1993). Unfortunately, back-calculation techniques are 
known to be sensitive to the incubation period used (Brookmeyer and Gail 1988) and 
assumes that adequate data are available for accurate estimation and that incubation does 
not vary across populations (Brookmeyer 1992; Rosenberg, Biggar, Goedert, and Gail 
1991). In areas with rich reliable comprehensive HIV data, such techniques do provide 
good insight into past, current, and future HIV prevalence rates. However, in developing 
countries, monitoring difficulties coupled with limited resources often-present challenges 
in obtaining reliable information on HIVIAIDS. As such, "traditional back-calculation 
methods cannot be used to model HIV epidemics in developing countries due to the 
paucity of reliable information on the prevalence of HIV I AIDS" (Salomon and Munay 
2001). 
A more direct technique to predicting AIDS cases into the future has been 
obtained by fitting a model to the incidence curve and extrapolating into the future 
(Karon, Devine, and Morgan 1989; Morgan and Curran 1986). Extrapolation has been a 
good predictor of HIV I AIDS prevalence into the near future, but has not worked well for 
longer forecasts. Specifically, there have been clear changes in HIVIAIDS trends with a 
decreasing rate of growth being balanced by the number of deaths and HIV incidence has 
reached a plateau in some risk groups. A recent trend has been the use of HIV dynamic 
transmission models in trying to understand the importance of heterogeneity in risk 
behaviors (Anderson, Medley, and Johnson 1986; May and Anderson 1987), and patterns 
of sexual partner choice (Gregson,· Nyamukapa, Garnett, Mason, Zhuwau, Carael, 
Chandiwana, and Anderson 2002; Kaplan and Paltier 1989; Kaplan 1990). Though, the 
models allow for heterogeneity in risky sex rates, they assume that sex partners are 
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selected at random from a larger population (Kaplan and Paltier 1989; Kaplan and 
Brookmeyer 1999b ). Also "these models depend on critical but unverifiable assumptions 
and contain many unknown parameters" (Rao 2003). 
Although these models have provided invaluable information pertaining to new 
infection rates in ce1iain groups and populations particularly in developed countries, the 
practical drawbacks of these approaches have prevented wide scale implementation 
especially in developing countries where HIV data acquisition still remain a challenge. 
As a result, not only has Sub-Saharan Africa remained an epicenter of the global AIDS 
epidemic, but we also know very little about current prevalence levels and trends in the 
epidemic due to lack of comprehensive epidemiological HIV I AIDS data. Furthermore, 
there has been little attempt to com1ect these models with geographical dimensions and 
HIV transmission, and how such linkages affect the efficacy of HIV prevention 
programs. 
2.1. Determinants of HIV Prevalence in Zambia 
It is generally accepted and well-documented that carrying out studies on trend 
and a focus on both individual and group level characteristics has been and remain a key 
force in understanding the distribution and determinants of HIV infection across African 
countries. For a disease like HIV I AIDS, understanding the social and economic context 
in which individuals live is critical in designing successful HIV interventions or 
prevention programs(Collins and Rau 2005; Rothman 1998). Socio-economic status, 
poverty, cultural and demographic factors are some of the key factors identified in 
literature as influencing HIV prevalence in Sub-Saharan Africa (F AO 2002). However, 
according to the World Bank, the HIV epidemic is deeply embedded in the circle of 
8 
poverty (Bank 1996; World 1996). Poverty combined with gender inequality fuel the 
spread of the virus thus aggravating other factors that heighten the susceptibility of 
women. Largely due to a lack of control (by poor women) over the circumstances in 
which intercourse occurs thus increasing the frequency of intercourse and lowering the 
age at first sexual contact. Similarly, a lack of access to acceptable health services may 
leave infections and lesions untreated. In general, the experience of HIV/AIDS by 
individuals, households and even communities that are poor can readily lead to an 
intensification of poverty and even push some non-poor into poverty. Among the poor, 
HIV/AIDS can thus impoverish or further impoverish people in such a way as to intensify 
the epidemic itself. 
In the developing world, studies have repeatedly demonstrated that truck drivers 
and migrants are at higher risk for HIV infection than non-mobile workers as well as 
resident populations. For example, a study by Quinn (1994) identified both local and 
international migration of individuals, from rural to urban centers with subsequent return 
migration and internationally due to civil wars, tourism, business purposes, and the drug 
trade as a factor in the dissemination of both HIV -1 and HIV -2 in Sub-Saharan Africa 
(Quinn 1994). In Senegal, increased HIV risk has also been associated with both internal 
seasonal migration(Oesterholt, Bousema, Mwerinde, Harris, Lushino, Masokoto, 
Mwerinde, Mosha, and Drakeley), and temporary expatriation(Kane, Alary, and Ndoye 
1993). Whereas, in Cote d'Ivoire, male migrants workers living without their families 
have been repmied to be at higher risk of HIV infection (Decosas, Kane, Anarfi, Sodji, 
and Wagner 1995) as they are more prone to indulge in sex with commercial sex workers. 
Another study in Senegal found that 27 percent of the men who had previously traveled 
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in other African countries and 11.3 percent of spouses of men who had migrated were 
infected with HIV(Collins and Rau 2005). In neighboring villages where men had not 
migrated less than one percent of the people were HIV positive (Collins and Rau 2005). 
Similarly, AIDS-related problems in rural communities are fmiher intensified through 
migration, as many HIV -infected urban dwellers tend to return to their rural homes when 
they fall ill. Because access to information and health services is much poorer in rural 
areas than in cities, rural people are less likely to know how to protect themselves against 
HIV, and if they fall ill they are also less likely to receive adequate care. Due to such 
factors, AIDS is now becoming an even greater threat in rural areas than in cities. 
Taken together, these existing socio-economic, cultural, gender inequalities and 
pove1iy add to the shocks that have increased the spread of HIV prevalence in Zambia 
over the past decades. The literature reviewed in this study shows an association between 
HIV prevalence and socio-economic and demographic variables in the country. A health 
problem analysis model shows risk factors that are associated with HIV I AIDS in the 
country (1 on page 26). Risk factors can exist at one of the three levels: determinants, 
direct and indirect contributing factors (Turnocl( 2001 ). Determinants are those risk 
factors most closely associated with HIV I AIDS such as risk behavior and presence of 
sexually transmitted diseases. Risk factors that play a role further back the chain of 
causation are called direct contributing factors such as having unprotected sex. Indirect 
contributing factors such as gender inequalities affect the level of direct contributing 
factors. Intervention strategies at the community level generally involve addressing these 
indirect contributing factors. Indirect contributing factors addressed in this study focus on 
socio-economic and demographic factors. 
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2.2. Use of HIV Surveillance Data in HIV/AIDS Research 
Like other Sub-Saharan countries, the most commonly available HIV I AIDS data 
in Zambia are sera-surveillance data that come from testing pregnant women at antenatal 
clinics. Sentinel data from samples of pregnant women have been shown to be a good 
proxy for prevalence in the overall population of women and men (UNAIDS and WHO 
2000), although the relationship between prevalence among clinic attendees and that of 
the general population remains uncertain (Boisson, Nicoll, Zaba, and Rodrigues 1996). 
One such problem is whether pregnant women are a representative sample of the general 
population. For example, sentinel clinic data do not include women who do not attend 
antenatal care clinics nor men. Also, in sentinel surveillance little information is 
collected on the individual women which limits further analysis of the data to understand 
the determinants of HIV infection (Montana, Neuman, Mishra, and Hong 2006). 
Surveillance data unce1iainties have been the source of conflict among local politicians, 
AIDS advocates, and epidemiologists and have contributed to the ongoing debate over 
the validity and reliability of HIV I AIDS estimates from such systems. 
Though Zambia and other Sub-Saharan African countries suffer from a lack of 
comprehensive HIV data, there has been a considerable interest in the use of surveillance 
data to estimate HIVIAIDS prevalence rates in the region. More importantly, HIV 
surveillance has been used in tracking the changes or trends in the HIV and AIDS 
epidemic over time. For instance, Asamoah-Odei et al. (2003) used HIV surveillance data 
to assess HIV prevalence among pregnant women in Sub-Saharan Africa. In this study, 
the researchers used projection models to explore aspects of the dynamic relationships 
between changes in HIV incidence and prevalence in young pregnant women for which 
empirical data were not yet available. They found that the epidemic growth had leveled 
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off in the late 1990s among pregnant women attending the same prenatal clinics but there 
was no decline in prevalence rates. The researchers observed huge differences in HIV 
prevalence between countries with clear sub-regional patterns being evident, however, 
the gap between sub-regions appeared to be widening. They concluded by stating that 
HIV prevalence trends among young antenatal women can be used as indicators of HIV 
incidence trends in most circumstances, provided caution is exercised in interpreting 
episodes ofrapid change. 
In another study Kirungi et al. (2006) used surveillance data from urban sentinel 
sites in Uganda (1989-2002) to describe trends in nationwide sexual behavior and 
antenatal HIV prevalence rates. In this study, Kirungi and others observed that Antenatal 
HIV seroprevalence in seven urban clinics in Uganda peaked at around 1992 (15-3 0%) 
this was followed by a steady decline by 2002 (5-12%), most markedly among women 
aged 15-19 and 20-24 years. The researchers note that the declining trends coincided 
with increased protective sexual behavior among young people nationwide. Median age at 
sexual debut increased from 16.5 in 1989 to 17.3 in 2000 for women and from 17.6 in 
1995 to 18.3 in 2000 for men. Premarital sex among women and multiple partnerships 
decreased between 1995 and 2000. However, there were no significant changes in 
reporting of extramarital sex among men. In conclusion, the researchers note that the 
ecological correlation between the trends in HIV prevalence and incidence and the 
increase in protective sexual behavior during the 1990s make a compelling case for 
continuing prevention efforts in Uganda. 
In an empirical study, K wesigabo et al. (2000) compared findings from an 
antenatal-clinic in the town of Bukoba with a population-based study that was done in the 
12 
Kagera region of Tanzania to assess its validity in estimating HIV prevalence and their 
trends in the general population. To aid in analysis, the researchers used a multistage 
cluster sampling technique for the population-based studies whereas antenatal-clinic-
based population data were obtained by consecutively recruiting antenatal care attendees 
that were coming for the first time during a given pregnancy. Sentinel surveillance used 
antibodies to test for HIV infection. After the analysis, researchers found that age-
adjusted prevalence among antenatal attendees decreased from 22.4% in 1990 to 16.1% 
in 1993 and further to 13.7% in 1996. Interestingly, the results closely resembled those of 
the general population of adult women in the town of Bukoba where the age-adjusted 
prevalence of 29.1% in 1987 decreased in the studies in 1993 to 18.7% and 14.9% in 
1996. These results indicate that general population trend estimates can be generated 
using sentinel surveillance data based on pregnant women visiting an antenatal clinic for 
the first time during a given pregnancy. 
In a similar study, Fylkesnes et al. (1998) compared population-based data with 
sentinel surveillance in Zambia to assess the validity of extrapolation from HIV sentinel 
surveillance amongst antenatal clinic attendees to the general population (designating for 
rural and urban areas). Adults aged>= 15 years were selected by stratified random cluster 
sampling (n = 4195) in a population survey. Sentinel surveillance in this study used 
serum-based HIV testing whereas the population survey used saliva with a consent rate of 
93.5% for saliva samples. The results in this study showed that surveillance of antenatal 
clinic attendees tended to underestimate the overall HIV prevalence of the general 
population, but differences were not statistically significant. Although, HIV sentinel 
surveillance data were found to underestimate overall HIV prevalence of the general 
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population, in countries with generalized epidemics that is countries where HIV has been 
firmly established in the general population (like Zambia) prevalence among pregnant 
women remain a good approximation of prevalence among the adult population of men 
and women aged 15-49 years. UNAIDS and its international working group on 
monitoring the HIV I AIDS epidemic asserts that sexual networking in the general 
population is sufficient to sustain an epidemic independent of sub-populations at higher 
risk for infection despite that these sub-populations at high risk may continue to 
contribute disproportionately to the spread of the disease. The assumption is based on 
direct comparisons of adult population and antenatal clinic HIV prevalence in the same 
communities in population-based studies (UNAIDS 2006a). As such a generalized 
epidemic is said to be in existence if HIV prevalence in pregnant women is consistently 
over 1%. 
Another study by Fylkesnes et al. (2001) used surveillance data to examine trends 
in HIV prevalence and behaviors in Zambia during the 1990s. The researchers in this 
study used data from HIV sentinel surveillance at selected antenatal clinics in all 
provinces and population-based HIV surveys in selected sentinel populations from 1996 
and 1999. In this study, antenatal based data showed a dominant trend of significant 
declines in HIV prevalence among those aged 15-19 years, for urban sites also in the age-
group 20-24 years and overall when rates were adjusted for over-representation of 
women with low education. In the general population prevalence declined significantly in 
urban women aged 15-29 years whereas it showed a tendency to decline among rural 
women aged 15-24 years. The observed decline in HIV prevalence was attributed to 
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behavioral changes such as an increase in condom use among urban populations, a 
decline in multiple sexual partners and, among younger women, delayed age at first birth. 
As Kwasigabo et al., Zaba et al. and others have noted, the benefits of using 
sentinel surveillance among pregnant women outweigh its limitations that are brought 
about by possible selection bias. Moreover, incidence data are difficult and costly to 
collect and therefore limited to localized cohmi studies. These studies combined with the 
on-going debate on reliability of using sentinel surveillance data suggest that while the 
estimates of HIV prevalence and death have come under scrutiny and have been 
criticized as underestimates or overestimates, "surveillance data based on pregnant 
women attending antenatal clinics not only form the basis for national estimates of the 
size of the epidemic" (UN AIDS 2002), but also, more impmiantly, "are the main source 
of data on the course of the epidemic in this region" (Asamoah-Odei, Calleja, and 
Boerma J 2003). 
2.3. Importance of HIV Surveillance Data in HIV/AIDS Estimates 
There are compelling reasons as to why HIV I AIDS surveillance has been used to 
determine the extent of the HIV I AIDS epidemic in this region. Moreover, many 
researchers have demonstrated limitations with population-based epidemiological data in 
developing countries particularly in Sub-Saharan Africa. This is clearly stated by 
Salomon and Murray (2001): "incidence data are rare because direct measurement is 
difficult, and because cohort studies are expensive and require long follow-up periods, 
besides AIDS notification data capture only a fraction of new AIDS cases and are subject 
to reporting delays." The problem as stated by Walker et al. (2001) is that "in resource 
poor countries, health infrastructure is not developed to a level that can provide reporting 
15 
at a level of completeness that makes AIDS or HIV cases a reliable measure of the 
epidemic." Similarly, in recent years "the definition of AIDS has become increasingly 
meaningless with the provision of therapy, making AIDS cases reporting even less 
useful" (Walker, Garcia-Calleja, Heaton, Asamoah-Odei, Poumerol, Lazzari, Ghys, 
Schwartlander, and Stanecki 2001). Additionally, Walker et al. (2001) note, "given the 
long incubation period between infection and the development of AIDS, a surveillance 
system that relies solely on AIDS case reporting is not effective." It is true that there are 
limitations to using surveillance data based on antenatal clinics, yet population based data 
and vital registration systems are limited. Besides, other population-based mortality data 
are increasingly available for children through Demographic Health Surveys (ZDHS 
2001-2002), but are uncommon for adults. Strategies for doing this still remain a 
challenge. 
Recent epidemiological and social science literature acknowledges the complexity 
of surveillance in HIV prevalence and underscores the importance of modeling HIV 
prevalence (Gail and Brookmeyer 1988; Salomon and Munay 2001). Salomon and 
Murray (200 1) emphasize the need for estimating the extent and course of the HIV I AIDS 
epidemic based on surveillance data. These researchers argue that trade offs between 
alternative interventions and policies that are based on the best available information are 
critical in understanding current HIV I AIDS levels and trends particularly for Sub-
Saharan Africa where population-based epidemiological data are limited. 
In another study, Walker et al. (2001) describe the quality of HIVIAIDS sentinel 
surveillance systems in different countries around the world and the resulting quality of 
these data in estimating HIV I AIDS prevalence. Though the quality of HIV surveillance 
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varied considerably, the majority of countries most affected by HIV I AIDS have 
HIV/AIDS sentinel systems that provide sufficient sera-prevalence data for tracking the 
epidemic and making reasonable estimates of HIV prevalence (Walker et al. 2001 ). HIV 
prevalence and AIDS death estimates are complex, particularly in Africa, because of poor 
health infrastructure and a lack of comprehensive HIV surveillance data. Clearly, in 
developing countries, sentinel surveillance of women attending antenatal clinics generally 
provides the best available estimate of HIV prevalence in the general population 
substituting for population-based surveys that include testing for HIV antibodies 
(UNAIDS 2006b). 
There is yet no other source of information pertaining to HIV I AIDS or on how 
HIV/AIDS notification can be reported, implemented or monitored. HIV/AIDS 
infections/cases and deaths in the general population have not well been documented, and 
deaths related to HIV I AIDS are not recorded nor reported. HIV and AIDS in Zambia still 
remain an unreported disease. Sentinel data remain the main source for current 
HIV I AIDS estimates in the country. In Zambia and other developing countries, the 
establishment of antenatal HIV surveillance systems has not only facilitated the timely 
reporting of HIV cases but has informed us of the spread of HIV in a mam1er unparalleled 
for other diseases (Grassly, Morgan M, Walker, Garnett, Stanecki, Stover, Brown. T, and 
Ghys 2004). 
2.4. Use of Spatial Statistics and GIS in Health Research 
Though much has been clone in the application of geo-statistical analysis and 
geographic information systems (GIS) techniques to issues of public health and 
epidemiology, there has been little attempt to combine spatial statistics and GIS in 
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HIV/AIDS research. The problem as stated by (Robinson 2004) is that the disciplines of 
spatial analysis and GIS have developed quite independently of one another. As a result, 
epidemiologists have often ignored the strengths of combining different modeling 
techniques such as GIS and spatial analyses. When combined, however, these 
techniques can create a new and potentially powerful tool for analyzing disease patterns, 
prevention, and control (Chadee and Kitron 1999; McLafferty and Cromley 2002; 
Robinson 2004; Talbot, Kulldorff, Forand, and Haley 2000). 
A number of studies, notably, Ruiz et al. (2004) on West Nile virus in Chicago, 
Glavanakov et al. (2001) on Lyme disease in New York State, Kitron eta! (2006) on the 
spatial epidemiology of schistomiasis in Kenya, and De Cola (2002) on bivariate 
mapping of Lyme disease in the United States have shown that spatial analyses such as 
autocorrelation, kriging, and cluster analyses are essential in understanding transmission 
dynamics, disease risk, surveillance, and control. Indeed, for a disease like HIV I AIDS 
that is spread by actions requiring close contact such as sexual intercourse, contaminated 
blood, and intravenous drug use (Bell, Nicholson, Blake, and McQueen 1997a; Bell, 
Nicholson, Blake, and McQueen 1997b; Kaplan and Brookmeyer 1999a; Kaplan 1989b ), 
geography can and will impact not only the rate of new HIV infections but also the 
efficient allocation of HIV prevention resources (Brookmeyer and Gail 1988; Hugo 
2000). 
GIS has also been used for disease mapping of different pathologies, analysis of 
space and space-time distributions of disease data (Bell, Hoskins, Pickle, and Wartenberg 
2006; Chaput, Meek, and Heimer 2002), identifying risk factors (Beck, Rodriguez, 
Dister, Rodriguez, Rejmankova, Ulloa, Meza, Roberts, Paris, and Spmmer 1994; Boone, 
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McGwire, Otteson, DeBaca, Kuhn, Villard, Brussard, and St. Jeor 2000; Cromley 2003) 
and in mapping risk areas (Robinson 1998). A study by Bellander et al. (200 1) 
demonstrates the usefulness of combining GIS with environmental epidemiology to 
assess average ambient exposure for lung cancer in a population-based case-control study 
of lung cancer in Stockholm, Sweden. Using emission data, dispersion models, and GIS, 
these researchers found a wide range of individual long-term average exposure with an-
11-fold inter-individual difference in nitrogen oxides and 18-fold difference in sulfur 
dioxide. The 30-year average for all study subjects was 20mg/m3 of nitrogen oxide from 
traffic and 53mg/m3 of sulfur dioxide from heating. Their research has shown the 
importance of using GIS for exposure assessment in environmental epidemiology studies. 
This is on condition that detailed geographical related exposure data are available for 
relevant time periods. Similar methods were used by Brody et al. (2004) but no 
association was shown between wide-area pesticide application or residues from 
pesticides and breast cancer. In this study researchers used GIS technology as an 
alternative method in assessing historical exposures to banned and current-use of 
pesticides in a control based study of 1,165 women who were diagnosed with breast 
cancer in Cape Cod, Massachusetts. 
Ruiz et al. (200 1) explored the effects of environmental and sociopolitical factors 
on the uneven distribution of the 2001 human West Nile virus (WNV) outbreak in the 
Chicago metropolitan area. The researchers in this study used logistic regression 
equations but explicitly addressed the issues of spatial autocorrelation in the 
interpretation of their results. This was achieved by using a local Moran's I measure of 
spatial autocorrelation, known as the Local Indicator of Spatial Association (LISA), 
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which showed that a high concentration of human cases were in two places: in the nmih 
around cities of Skokie and Evanston and in the south, around Oak Lawn and Evergreen 
Parle They then used the method of discriminant analysis to compare census tracts 
without any human cases of WNV to the tracts that had at least one case in Cook and Du 
Page counties and to consider any differences that might be present between tracts inside 
or outside of the identifiable clusters. Two logistic regression equations were then run 
and used to calculate the probability that a tract would be in a cluster with risk maps 
constructed. Some variables dropped from significance in the regression model that had 
no mosquito abatement districts (MADS). When MADS were added to the regression, 
patterns changed although all of the remaining coefficients were significant. 
Although, GIS has been widely used in health research, GIS use in HIV/ AIDS 
research has been limited, pmiicularly in Africa. Montana (2005) admits that there have 
been few studies on HIV prevalence in Africa that have utilized GIS in public health 
management or research. For example, one study by Tanser et al. (2000) used GIS to 
assess heterogeneity of HIV prevalence among pregnant women with proximity of 
homestead to roads in Hlabisa health district of South Africa. This analysis revealed a 
correlation between HIV prevalence and proximity of local households to primary or 
secondary roads. Another study by McCoskey (2003) used econometric techniques to 
estimate the spatial correlation of HIV infection across international boundaries in Sub-
Saharan Africa. Similarly, Montana et al. (2005) used GIS to model HIV prevalence in 
Cameroon, Kenya and Tanzania during 2003-2004. This analysis revealed sub-regional 
variations in the prevalence of HIV in each country. Another study by Pillay (2003) 
used GIS to portray the spatial distribution of HIV I AIDS in six African countries from 
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1997 to 2000. Results from this study showed that more women than men are affected 
(13:10). 
An innovative approach to modeling HIVIAIDS in Africa has been used by 
(Kalipeni and Zulu 2008). Their models explicitly consider the impmiance of geo-spatial 
analyses in developing measures for monitoring and predicting the spread of HIV I AIDS 
in Africa. Kalipeni and Zulu discuss the importance of geo-spatial analyses in developing 
measures for monitoring and predicting the spread of HIV I AIDS in Africa. In their 
study, they offer a geographic alternative to methods for generating countrywide 
HIV I AIDS prevalence data utilizing scanty sera-surveillance data such as the ones to be 
used in this study. Kalipeni and Zulu use two distinct yet powerful analytical teclmiques. 
The first, spatial statistical modeling and spatial interpolation is drawn from traditional 
medical geography, a branch of human geography that deals with the geographical 
aspects of health and health care. The second technique is a surveillance mathematical 
modeling method drawn from epidemiology and integrated into the newly developed 
UNAIDS Estimation and Projection Package (EPP). 
The EPP allows the stratification of the national population into groups and allows 
the appropriate weighting of surveillance data to be user defined, facilitating careful 
consideration of the epidemiological situation. The underlying model is a simple 
description of HIV infection epidemiology where the per-susceptible incidence of 
infection is a function of the existing prevalence of infection (Garnett, Grassly, Boerma, 
and Ghys 2004). Kalipeni and Zulu propose these techniques in monitoring and 
predicting the spread of HIV I AIDS in Africa. 
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Building upon the ideas of Kalipeni and Zulu, this study extends the authors 
techniques by adding a geographical dimension in estimating and predicting the 
HIV I AIDS prevalence in Zambia. This means that apart from estimating and predicting 
future HIV I AIDS prevalence, spatial econometric models are used to capture differences 
in HIV infection across geographically disparate locations in the country. The 
assumption is that provinces or districts located near each other will be more likely to 
behave similarly than provinces or districts located farther apart. This coexistence of 
behavioral and locational similarity is referred to as spatial autoconelation. Spatial 
autocorrelation is said to be in existence if there is any clustering of similar behaviors 
among neighboring observations either positive or negative or when a value (HIV rate) 
observed in one location depends on values (rates) observed at neighboring locations 
(Anselin 1995; Cliff and Ord 1973). 
Spatial autocorrelation may be produced by behavioral diffiJsion as the behavior 
of observed locations directly influences the behavior of other nearby locations. 
Alternatively, spatial autocorrelation may exist merely because neighboring districts have 
similar attributes that produce HIV infection. The goal is to use spatial models to help in 
distinguishing which one of the two sources of spatial dependence is responsible for the 
spatial patterns of the HIV rates in Zambia. Incorporated in the model as in the traditional 
statistical analysis are social, economic and demographic independent variables and the 
spatial autoconelation of HIV that was observed. 
An integrated geospatial approach stands to reveal previously unseen or vague 
patterns such as: causal factors of the spatial diffusion of HIV I AIDS such as major 
transport routes, cultural practices and human mobility patterns and how we can change 
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these factors to improve the health of people in these locations. A map can have more 
visual impact on policy makers and potential donors, and in information campaigns for 
HIV I AIDS prevention. Patterns depicted on maps can be strongly suggestive of causal 
relationships that lead to possible intervention measures and where those measures are 
most likely to be effective. 
In sum, the literature suggests that integrating GIS, spatial analysis and HIV 
sentinel data as well as other estimation teclmiques within HIV I AIDS research can 
provide an unprecedented insight into the HIV epidemic. GIS combined with methods of 
spatial statistics provide powerful new tools for understanding the epidemiology of 
diseases. GIS offers several advantages over traditional methods of spatial analysis and 
provides a robust approach to the study of HIV I AIDS "as it has the ability to store, 
manipulate, and display data linked to locations" (Bentley-Condit and Hare 2006; Kitron 
1998). Spatial analysis, on the other hand, can be used to extract the spatial relationship 
embedded between geographic locations explicitly allowing for the description and 
testing of spatial patterns among the locations. 
Successful integration of these teclmiques does not only provide insight into the 
HIV epidemic but can also aid in identifying causal factors driving HIV transmission, 
mapping risk areas as well as aid in decision making and surveillance. HIV is spread by 
actions requiring close contact such as sexual intercourse, blood transfusion, intravenous 
drug use, and mother to child, thus an interdisciplinary approach that emphasizes 
geography (place) is needed for studying HIV in Zambia. By focusing on the impmiance 
of geography in HIV transmission, it is possible to better understand patterns of contact 
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and risk factors involved in the transmission of HIV as expressed 111 the umque 
geographical patterns of HIV prevalence in space. 
2. 5. Connections and Gaps in the Literature 
While there has been a surge in research on statistical and mathematical 
approaches to HIVIAIDS modeling (Anderson, Medley, May, and Johnson 1986; Isham 
1987) there is little research that has used such models in analyzing local and scanty 
HIVIAIDS epidemiological data from developing countries. The majority of modeling of 
the spread of HIV has focused on understanding the influence of patterns of contact and 
the biology of infection on the spread of the virus in the developed World. Though 
useful, these models have lacked spatial specificity. Research is needed that can combine 
sero-surveillance data with socio-economic, demographic and cultural realms, analyzing 
them for significant impacts, and investigating what geographical factors may lead to 
increased risk of infection, and how and why certain locations have high prevalence rates 
than others. A shift needs to be made that integrates strengths and weaknesses of 
different techniques in studying HIV I AIDS that can provide an unprecedented insight 
into the biological patterns and processes (Robinson 2004). Successful integration of 
GIS and spatial models is needed for the application of such models to HIV I AIDS 
research and applications. 
The reviewed literature in the previous chapter shows that several overarching 
themes could be driving HIVIAIDS prevalence rate in the country. For example, socio-
economic status and how it favors sexual behavior among different social classes, 
geographical location of population that affect human contact, the availability of health 
care facilities that affect access to screening and accessibility of life extending drugs, and 
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other demographic factors or characteristics such as female literacy rates all contribute to 
the spread of this virus (Figure 1 on page 26). Important questions yet to be answered are: 
what is the spatial distribution of HIV? Can spatial patterns be detected in this 
distribution? And what are the causal factors of these patterns? And how can we change 
these factors to improve the health of people in these locations? 
This research explores socio-economic factors that may place certain people at 
risk for contracting HIV in Zambia. Through a combination of integrated approaches, the 
traditional medical geography and spatial econometrics techniques and EPP are used to 
characterize the geographical distribution of HIV prevalence in Zambia and to predict 
cunent and future HIV prevalence, and identify areas and populations at high risk. 
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Figure 1: A Health Analysis Model of Risk Factors Associated with HIV/AIDS in 
Zambia (Compiled from literature review) 
Note: Compiled ajter intensive literature review 
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CHAPTER III: DATA AND METHODS 
This chapter offers an overview of the data and methods used in this thesis. 
Essentially, three different methods are used to examine a scanty set of data obtained 
from antenatal HIV surveillance sites. These methods include the use of advanced GIS 
teclmiques which allow us to interpolate point data into area data and the generation of 
smooth surface maps as well as the automatic extraction of the interpolated values at any 
geographic level, in this case district. We also extensively use spatial statistics to 
examine the presence or absence of clustering in HIV /AIDS rates. Finally, we fit a 
logistic curve to the AIDS data using the newly released UNAIDS Estimation and 
Projection Package which allow the forecasting of the rates into the near future. These 
are the three techniques we describe in this chapter. The chapter concludes by offering a 
set of hypotheses to be tested and the definition of study variables, both dependent and 
independent or explanatory variables 
3.1. Data 
Sentinel surveillance data used for generating the maps came from United 
Nations Development Program (UNDP 2005), Vulnerability Assessment Control Atmual 
reports (V AC 2005), and Centra Teclmology Inc. Data obtained from Centra Technology 
covered the 26 sentinel clinics that are designated for screening pregnant women 
attending antenna! clinics in Zambia (See Figure 2 on page 38 for the distribution of HIV 
sentinel clinics in Zambia). Originally Centra Teclmology Inc obtained the dataset from 
the United States Bureau of the Census HIV surveillance database and geocoded it by 
adding centroids (x, y coordinates) (Kalipeni and Zulu Forthcoming; Turnock 2001). 
Since the level of analysis was at a district level (N = 72), additional data that covered the 
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level of analysis were obtained from the UNDP and V AC annual reports and data that did 
not have x-y coordinates were given coordinates based on my local knowledge of the area 
(See 3 on page 39 for administrative boundary map). Combined, these data do provide 
annual proportion of pregnant women attendees that tested positive for HIV infection 
from 1985 to 2004. Sentinel data is often collected from unlinked blood tests obtained 
from regnant women attending designated sentinel clinics. 
The database included number of pregnant women sampled, age, and HIV rates 
per year. However, there was considerable variation in the number of data that were 
repmied for each consecutive year at each clinic as clinics stmied testing HIV I AIDS at 
different times. As a result, there were insufficient data for some clinics that resulted in 
the selection of four years with sufficient data for further analysis, namely 1994, 1998, 
2002 and 2004. To smooth the fluctuations resulting from small sample sizes, a curve is 
fit to the sentinel data. The curve indicates the trend through the available data points. 
Values from these curves (rather than the actual sentinel site point estimates) are used to 
estimate national prevalence. The curve fits were done using UNAIDS Reference Group 
model on Estimates; called the Estimation and Projection Package (EPP). Table 1 shows 
the number of pregnant women sampled at each clinic for 3 of the four years under study. 
The average sample size is about 800 in urban sites, 500 for the semi-urban sites and 
about 200 for rural sites. The sentinel data obtained for the year 2004 had no sample size 
for women that were attending sentinel clinics as such it was not included in the table. 
Spatial data for health facilities (point data) and political boundary (district) shape files 
were downloaded from the Southern Africa Humanitarian and Disaster Management 
(SAHIMS) GIS library at: (http:llrvww.sahims.net/gis/GIS library). Demographic and 
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socio-economic data such as population 2000, poverty status, unemployment rates and 
life expectancy were obtained from the Zambia Central statistics, Census 2000. 
Table 1: Number of Pregnant 'Women Sampled for HIV testing, 1994, 1998 to 2002 
Clinic 1994 1998 2002 
Chikankata 250 236 * 
Chipata 498 485 449 
Ibenga 361 391 392 
Isoka 498 585 506 
Kabompo 318 257 378 
Kabwe 492 501 497 
Kalabo 293 346 423 
Kapiri Mposhi 500 777 525 
Kasaba 499 486 305 
Kasama 470 534 517 
Kashikishi * * * 
Livingstone 595 680 519 
Lusaka (UTH) 596 1052 3136 
Lusaka (Chilenje) 456 499 788 
Lusaka (Chelston) 299 779 786 
Lusaka (Kalingalinga) 487 487 586 
Lusaka (Matera) 394 489 779 
Macha 497 490 518 
Mans a 462 585 495 
Minga 489 476 523 
Mongu 479 489 494 
Mukinge 380 398 496 
Mwinilunga 242 * * 
Nchelenge 508 489 497 
Ndola 501 1021 994 
Solwezi 231 488 495 
Samfya 404 * '* 
Kitwe 68 * * 
Kamuchanga 402 * * 
Chitokoloki 126 * * 
Chilonga 309 * * 
Source: United States Bureau of the Census HIV surveillance database 
*No data 
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3.2. Jvfethods 
The methodology involved the application of geographical Information System 
(GIS), spatial econometric models in GeoDa and UN AIDS' Estimation and Projection 
Package (EPP) techniques to characterize the geographical distribution of HIV 
prevalence in Zambia, predict current and future HIV prevalence, and to examine spatial 
effects. First, interpolation of HIV prevalence and HIV mean e'stimates per year was 
undertaken using Arclnfo 9.0 software. A database was created that would allow for 
computation and visualization of patterns from the data. From this data, it was possible to 
produce a sequence of continuous smooth maps characterizing the spread of HIV as well 
as the production of mean HIV prevalence rates per year. Secondly, HIV prevalence data 
were entered into the EPP software to predict future HIV prevalence. Lastly, the related 
attributes in GIS were then imported to GeoDa to determine whether the data exhibit 
spatial dependence. Figure 4 on page 40 shows a flow chmi of data and methodologies 
used in the study. 
3.2. I. Data Interpolation J\!Jethod 
When interpolating a surface from point coverages, Arc-Map provides three 
different methods of interpolation, Inverse Distance Weighting (IDW), kriging or Spline. 
In this study, a deterministic technique, inverse weighted distance (IDW): Arc-GIS 9.0 
(ESRI, Redlands. CA) was used to interpolate point based HIV surveillance data into 
continuous smooth HIV prevalence maps for four years, 1994, 1998, 2002 and 2004. 
Unlike kriging that requires a variogram analysis of the distances between points (random 
sampling and then variogram), IDW method does not rely on a variogram model. A 
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semiVanogram or variogram model is a graphic representation of the similarity or 
autoconelation present in a dataset as a function of distance. Instead IDW calculates the 
parameter value at an unmeasured point using a distance-weighted average of data points. 
It uses only the values of the known sample points to estimate unknown points of interest. 
The weight assigned to a particular value decreases as distance from the prediction 
location increases, thus sample data closest to the unmeasured point contribute more to 
the calculated average (Toblers' first law of geography). Additionally, using the squared 
distance also reduces the number of calculations making the IDW approach effective for 
reducing the amount of computation needed to produce an estimate. This is of particular 
impmiance in a study like ours that uses a small sample size of data. Consequently, IDW 
is an exact interpolator, which means theoretically it should produce the exact value 
given at a sample point. The equation for the inverse distance weighted interpolation is: 
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In this equation, 1/d is the inverse distance of separation between points and vi are the 
individual intensity values at specific pixels. 
Sentinel data that were obtained from Centra Technology Inc and socio-economic 
variables obtained from Census 2000 were integrated in a comprehensive spreadsheet 
(Microsoft Excel) and transformed into a dbase IV (* .dbf) file. This dbase file was then 
loaded into a GIS using ArcGIS (ESRI, Redlands, CA). Once the files were imported 
into Arc-Map, they were then added as event themes by selecting the Add Event Theme 
under the View Menu. At this point, a point coverage theme was added to the view that 
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represented the points at which HIV rates data were taken and the actual HIV rates at that 
point (location). In order to perform the next part of the analysis, the Spatial Analyst 
extension of Arc-Map was utilized. With the extension installed, a grid of the point data 
was interpolated by selecting the interpolate surface function under the Analysis menu. 
Parameters used in the interpolation included: an extrapolation power of 2, a variable of 8 
surrounding data points and a Z value for each year under study. A spatial resolution of 1 
kilometer (km) x 1 km or 0.08333 decimal degrees was used for the output raster image. 
A spatial mask for Zambia was used to limit the extrapolation within the Zambian 
political boundary. The result was a Zambian map for each year that was composed of 1 
km x 1 km pixels, each containing an estimate of the HIV rate for that specific pixel. 
The inverse distance weighted has been used in this context for a long time (Beck, 
Kitron, and Bobo 2002; Bohra and Andrianasolo 2001; Carrat and Valleron 1992; 
Kalipeni and Zulu Fmihcoming; Webster 1994). These methods have been commonly 
used to construct interpolated images or concentration contours from small data sets like 
the ones used in this study. This technique works well for sparse or irregularly spaced 
data as the one used in this study. A recent study by Kalipeni and Zulu (forthcoming) 
found that IDW and other extrapolation teclmiques such are superior in using concepts of 
distance decay, probability and spatial autocorrelation. 
The next step involved converting the data in IDW layer to raster and then 
performing Zonal Statistics using the Spatial Analyst tool over the raster grid with 
Segment ID as the zone field. A spatial resolution of 1km x 1km was again used. The 
objective was to spatially extract mean HIV rates for each district. The result was a dbase 
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(table) of mean summary HIV statistics for each district that were later extracted to offer 
estimates which can then be used by policy makers and program implementers. 
3.2.2. Generating HIV Prevalence and Predicting Future Prevalence 
UN AIDS' Estimation and Projection Package was used to generate current HIV 
prevalence and predict future prevalence. The EPP provides a framework within which 
HIV surveillance data can be explored, generating a national representation of the HIV 
epidemic to date (Ghys, Brown, Grassly, Garnett, Stanecki, Stover, and Walker 2004). 
The underlying model is a simple description of HIV infection epidemiology where the 
per-susceptible incidence of infection is a function of the existing prevalence of infection 
(Garnett, Grassly, Boerma, and Ghys 2004). The model has been used for generalized 
epidemics (countries where HIV prevalence is consistently over 1%) to generate 
estimates of future HIV prevalence and incidence and the number of people likely to be 
infected (Garnett, Grassly, Boerma, and Ghys 2004; Kalipeni and Zulu 2008; Kalipeni 
and Zulu Fourthcoming). 
The EPP has proven to be a better methodology than the EPIMODEL because 
instead of using a start date for the epidemic and a single prevalence estimate to define a 
gamma curve to represent HIV prevalence (Chin and Lwanga 1991), the EPP allows the 
stratification of the national population into groups and allows the appropriate weighting 
of surveillance data to be user defined, facilitating careful consideration of the 
epidemiological situation. The package allows the user to manually override the statistical 
best fit, while being cautious to erroneous estimates that could arise based on the a priori 
assumptions of the researcher. The software package used in the forecast was 
downloaded from UNAIDS website at: http://www.unaids.org. Because of the nature of 
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the antenatal surveillance data, the forecasting could only be done at national rather than 
district level. 
3.2.3. Spatial Statistics 
The relationship between HIV prevalence and each individual explanatory 
variable was first investigated with the aid of ordinary least square models (OLS). Since 
the relationship of HIV prevalence with independent variables was of prime importance, 
an OLS model was initially run without spatial lag as standard practice for the analysis of 
such data in spatial statistics. If spatial autocorrelation is present, OLS models cannot be 
trusted to provide accurate parameter estimates (Anselin 2002). Determining which 
process is producing spatial dependence/autocorrelation is critical to our understanding of 
the prevalent HIV infection in Zambia. 
This is important because spatial dependence can be as a result of diffusion of 
HIV between neighboring districts. If this is the case then a spatial lag model has to be 
run. This is suggestive that HIV infection is likely to be highly social in nature thus 
understanding the interactions between interdependent districts IS critical to 
understanding the rates of HIV infection in that location. Alternatively, neighboring units 
may share similar HIV infection rates clue simply to the district or district's independent 
adoptions of infections. If so a spatial error model will be run meaning that the spatial 
dependence observed does not reflect a truly spatial process, but merely the geographic 
clustering of the sources of the HIV infection as neighboring districts could have shared 
attributes that produce the clustering of HIV infections. These ideas will help in 
exploring the implications of the results for explaining some of the salient features of 
HIV prevalence spatial differentials in Zambia. 
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Spatial regression in GeoDa is used because it takes into account the effect of 
spatial autoconelation of the error term in order to improve the quality of the model and 
to correct erroneous specifications, in particular the computation of regression 
coefficients (Anselin 1988). Additionally, spatial econometric models take account of 
the fact that data used in estimation models often relate to specific locations and therefore 
may be subject to a certain spatial structure. Spatial structure refers to spatial 
interdependence across units of observation. 
Essential to this diagnosis is the spatial weights matrix (W). W is the formal 
expression of spatial dependence between spatial units or locations (the spatial effects). It 
defines a local neighborhood around each geographic location under analysis and it 
specifies other locations or neighbors that might affect the value at that location. Such a 
matrix makes possible the construction of the spatial lag, a weighted average of variables 
at neighboring locations (Anselin 2003). 
Formally, spatial weights in GeoDa are in row-standardized form meaning that 
row elements for observation sum to 1, with zero on the diagonal and some non-zero off-
diagonal elements. In other words, the elements of W take non-zero values only for those 
pairs of areas, districts in this case that are contiguous to each other. When W is row-
standardized, the spatial lag is a weighted average of the variable of interest in the 
neighboring wards. For example, for a district with 3 immediate neighbors, the spatial lag 
will be the weighted average for the 3 neighbors, where each has an equal weight of 1/3. 
The formula for each weight is defined as: 
~·v = ___S;_y_ with C = 1 when i is linked to j, and C = 0 when otherwise. 
y ij N IJ IJ 
Icii 
j=i 
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3. 2. 4. Diagnostics for Spatial Dependence 
The relationship between HIV prevalence data for 2004 and the residuals of the 
regression models were analyzed for the presence of spatial pattern. Two tests exist in 
GeoDa to do this: Moran's I, and Lagrange Multiplier test. In this study, local spatial 
autocorrelation analysis based on LISA (Local Indicators of Spatial Autocorrelation) 
statistics (Anselin 1995) is used to identify specific observations or districts that exhibit 
spatial autocorrelation with their neighbors. Moran's I have been extended to the 
diagnosis of spatial dependence in the presence of covariates (Anselin 1988; Cliff and 
Ord 1973). 
Local Moran's I was calculated as: 
11 
Ii= ziLwuzi 
fFi 
Where Z; and zJ refers to standardized scores (mean of zero and variance one) 
of HIV prevalence rates in one district and that district's neighbors respectively, Wij is an 
element of a row-standardized weight spatial matrix (i.e., elements of a row sum to 1 ). 
The expected value of Moran's I under the null hypothesis is -1/(N-1). If 
observed Moran's I is greater than expected, neighboring districts have similar rates of 
HIV prevalence. If observed Moran's I is smaller than expected, neighboring districts 
have dissimilar rates, following a checkerboard pattern. Values approaching zero 
indicate no significant spatial interdependence across units of observation (Goodchild 
1986). 
Secondly, assummg that one has identified significant spatial dependence v1a 
local tests of spatial autocorrelation and that spatial heterogeneity in parameters does not 
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account fully for the observed univariate spatial dependence, the next step is to model 
this spatial autoconelation via covariates. A classical ordinary least square (OLS) 
regression will be run with diagnostics for spatial lag and spatial error dependence to 
determine whether the covariates fully model the observed spatial dependence. If the 
diagnostics indicate spatial lag dependence in the presence of covariates, then the 
inclusion of spatial lag captures neighborhood effects on HIV prevalence. If this happens, 
other estimates such as maximum likelihood will be estimated. Incorporated in the model 
just like a traditional statistic analysis are response and explanatory variables. A flow 
chmi that depicts the progression of the spatial regression decision process is shown in 
Figure 5 on page 41. 
The following table lists and defines the explanatory variables used in the study. 
The dependent variable is PREY_ 2004 that is HIV prevalence per 1000 population for 
2004 came from an updated dataset that was obtained from UNDP 2004 Annual repmi. 
UN AIDS and its international working group on monitoring the HIV I AIDS epidemic has 
now standardized the definition of adult HIV prevalence as the percentage of the adult 
population between the ages of 15 and 49 that is infected with HIV (National AIDS and 
STDs Control Programme 2000). 
Table 2: List of Independent Variables Likely to be Associated with HIV Prevalence 
in Zambia 
Inde:Qendent variable Definition 
%LIT RTS15 Literacy rate ofthose between 15 and25 as a% 
%UNEMP RTS Unemployment rate as a% 
%POP RUR Percent Population rural (2000 census) 
%POP POV03 Percent Population under the poverty level in 2003 
%POP URB Percent Population living in urban areas (2000 census) 
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Figure 2: Map of the Spatial Distribution of Zambia's 568 Health Facilities, 27 
Sentinel Clinics, Urbanized Cities and Major Roads 
(Source author, data from SAHIMS) 
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Figure 3: A Map Showing Administrative Units of Zambia's 72 Districts and 
Populated Areas 
(Source author, data from SAHIMS) 
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Figure 4: A Flow Chart of Data and Geospatial Methodologies Used in This Study 
Notes: SAHliv!S* =Southern Ajhca Humanitarian and Disaster Management 
EPP* = UNAIDS Estimation and Projection Package 
IDW* =Inverse Distance Interpolation 
40 
N&ithll! LM-EIIO! . 
no/lM.Lag 
lM DiagnoElica 
I.M-Eu01 
LM-lag 
Both LM-En01 
MdUA-Lag 
RobU5llM Diagnootica 
RobU5l LM-Euor 
Robu:l! 1./M.llg 
CooSignificl!nt 
Figure 5: Flow Chart of the Progression of the Spatial Regression Decision Process 
Used in This Study 
(From Anselin L, 2005: Exploring Spatial Data with GeoDa: A Workbook, page 199, 
Figure 23.24) 
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CHAPTERIV:RESULTS 
This section outlines the results and findings of the spatial patterns of HIV 
prevalence rates, generated mean HIV prevalence rates per district, predicted future 
prevalence rate and an analysis of the spatial autocorrelation of the regression residuals for 
the four years under study: 1994, 1998, 2002 and 2004, drawing from HIV sentinel data 
and demographic data from census 2000. The results echo some past studies and theories 
proposed by those working with HIV/AIDS programs in the country. For example, reports 
that there is a decline in HIV I AIDS prevalence at national level and the contributions of 
HIV prevention programs could be inferred. The results of the regression to determine the 
relationship between the independent variables and HIV prevalence are reported in Table 
4A on page 55. Since the initial OLS model indicated presence of spatial dependence 
another model (spatial lag) with maximum likelihood estimation was run and its findings 
are presented in Table 4B on page 55. OLS assumed that each district's HIV prevalence is 
determined linearly by independent variables in each of the periods of the study. Thus, this 
model was estimated while assuming that there is neither significant district nor temporal 
effects. Findings indicate that the spatial lag model with maximuni likelihood estimation 
differed from the OLS model since some explanatory variables in the OLS model dropped 
from significance. 
4.1. Investigation of Spatial Patterns ofHIV Prevalence Rates 
The results of interpolated smoothed maps to determine the spatial patterns of HIV 
prevalence for the four years 1994, 1998, 2002 and 2004 are given in Figure 7 (on page 
47). The smoothed maps from IDW reveal a substantial spatial variation in HIV 
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prevalence rates. Urban areas appear to have high prevalence rates than rural areas. 
Districts with high prevalence rates in excess of 20% included Ndola and Kitwe on the 
Copperbelt; Lusaka, Luangwa and Kafue in Lusaka province; Livingstone and Mazabuka 
in Southern Province; Solwezi in Northwestern province (1994 and 1998); Kabwe and 
Kapiri Mposhi in Central province; Chipata in eastern province and Mongu in Western 
province. These results also conform to a 2001/2002 demographic health survey that 
reported urban residents to be twice as likely to be infected with HIV than rural residents 
(ZDHS 2001-2002). 
Most of the districts with high prevalence rates also straddle major roads and truck 
routes (Figure 6 on page 46). The findings provide considerable support to recent studies 
that have shown truck routes/drivers as having an effect on HIV prevalence (Sandeep et al 
2005, Whiteside 2002, ZBSS 2000). Truck driving context may affect one's chances of 
contracting HIV. This is because prolonged absence from home and families increases the 
chances of indulging in risky behavior. Truck drivers are more likely to pass through major 
stops where female sex workers operate thereby contracting the disease and then taking it 
home to their wives or other female companions. This is compounded by a lack of 
information on HIV/AIDS, and a non-condom usage that is common among sex workers 
and truck drivers (Morison, Weiss, and Buve A 2001; ZSBS 1998). 
Similarly, though the percentage of people with lmowledge on condom use and 
access has increased, the number of people using condoms has decreased. For example, a 
1998 sexual behavior survey reported 97% of men and 92% of women as having 
lmowledge of condoms and access. However, only 29% of men and 19% of women 
reported having ever used condoms (ZSBS 1998). Another survey found only 28% 
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condom use among female sex workers in Ndola (Morison, Weiss, and Buve A 2001). 
This is alarming given the high prevalence rates in the country. Due to inadequate focal 
HIV I AIDS prevention and control programs that are designed for specific groups, 
vulnerable and risk groups often receive information on condom use and access and not 
why their cohotis really need to use them. 
When IDW maps were compared (Figure 7 on page 47), HIV prevalence is highest 
in 1994 and is more distinct in urban areas and in provincial headquarters districts than in 
rural areas. Though prevalence was slightly lower in 1998 with clusters disappearing in 
Northern and Northwestern districts, the size of clusters seems to have increased especially 
in Lusaka, Eastern and Southern districts. Prevalence rates seemed to have continued to 
decline into 2002 and 2004. In 2002, prevalence was higher in Western, Central and in two 
Eastern districts with a new cluster appearing in Luapula's provincial district of Mansa. 
By 2004, the decrease is more pronounced for both rural and urban areas. However, 
prevalence among Copperbelt districts seems to be increasing when compared to 2002. 
Figure 8 (on page 48) shows a bar chart of mean HIV prevalence rates from IDW 
interpolation at district level. 
Fmiher analyses of mean average prevalence rates still show evidence of clusters in 
urban areas (Figure 9 on page 49). This result holds whether the spatial pattern is assessed 
by the interpolated IDW maps or with mean averages obtained from zonal statistics. It can 
be seen from the maps, that the spatial pattern for 1994 is spread across the country with a 
more distinct west-east and north-central trend. On the other hand, the year 1998 saw a 
southern and central expansion with a less intense northern region. The 2002 map shows a 
decrease in cluster size between Southern, Eastern and Copperbelt districts with an intense 
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central region. Inspection of the 2004 map shows a decrease in Northern and Northwestern 
districts. Conversely, districts in the south, central and Copperbelt provinces still have 
high HIV prevalence rates. As expected, clusters of HIV prevalence in urban areas never 
changed in all the four years, making urban areas epicenters for the disease with HIV 
prevalence ranging between 24-34%. 
In summary, there is a substantial geographical variation in HIV prevalence in 
Zambia. Urban areas more than rural areas have high prevalence rates. In spite of this, 
I-IIV prevalence is declining across the country. The decline is more prominent in urban 
areas than it is in rural areas. The nature of the observed spatial patterns (declining rates) 
is reflective of protective sexual behavior campaigns that are operating in the country. 
This could also be indicative of the fact that there are fewer new infections than the 
number of people who are dying from AIDS related deaths. Similarly, HIV/AIDS 
education and prevention programs are predominantly located in urban areas than rural 
areas especially in districts around the Copperbelt province and Lusaka province. Urban 
areas have more sentinel clinics that often times are well staffed and equipped than rural 
areas making sentinel surveillance in urban areas a little better than that of rural clinics. 
Furthermore, in both rural and urban areas, HIV I AIDS programs in the country 
have been reported not to target the high-risk and vulnerable populations such as women 
and young girls (CSIS 2005, 10). Most HIV/AIDS programs offer to provide HIV/AIDS 
education, treatment and care to all. Since programs are not designed for specific groups, 
gender or age, those in need who may seek to benefit or participate may otherwise be 
excluded. This could be the reason behind the high prevalence rates among women and 
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young girls (18%). This is further compounded by low literacy rates among females, 
poverty levels and fear of stigmatization. 
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Figure 9: Mean HIV Prevalence Rates by District from IDW Interpolation for the 
Years 1994, 1998, 2002 and 2004 
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4. 2. Relationship Between Socio-economic Variables and 2004 HIV Prevalence 
Among the five explanatory variables used in the OLS model, percent population 
poor in 2003, percent unemployed and percent population in urban areas are positively 
related to the 2004 HIV prevalence, while literacy rates for those aged 15-25 years and 
rural residence are negatively related to HIV prevalence and percent population in rural 
areas has insignificant effect (Table 4A on page 55). These results support the hypothesis 
that literacy rates, unemployment, urbanization and pove1iy affect HIV prevalence in 
Zambian districts. Notably, an increase in any of the significant variables would induce an 
increase in HIV prevalence in the district. For example, an increase in the number of 
people living in an urban area will result in an increase in that areas' HIV prevalence rate. 
This result is also in agreement with the hypothesis that urbanization increases people's 
risk for HIV infection. Rural residence has a negative value suggesting that districts that 
have less population would have lower rates of HIV prevalence. Literacy rates for those 15 
and 25 years are statistically significant with a negative coefficient. This means that 
increasing literacy rates for those aged 15-25 years leads to a decrease in prevalence rates. 
Multicollinearity is lower than 20 at 8.97 within the expected order. Test of null 
hypothesis that data follow a normal distribution against the alternative hypothesis is 
confirmed since the value of the test statistic is higher than the critical value: Jarque-Berra 
test: 1.3 (0.51). 
Test of statistical fit OLS and spatial lag model were conducted usmg Log 
likelihood, Akaike info criterion and Schwarz criterion, respectively. From the OLS result 
thete is no telling whether the OLS model is a good fit. This is not proof of not being a 
better model fit but just a failure of proving it is not a good fit as there is no comparison. 
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Consequently, OLS results in this study are looked at carefully as they do not control for 
spatial effects but they do have some informative value since they give us something to 
compare the identified spatial dependence to and they give us the relationship between the 
response variable and independent variables. However, the higher the log likelihood the 
better the fit (less negative is better) and for the information criterion, the lower the 
measure, the better the fit. 
A significantly positive Moran's I value was observed for the OSL model, 0.28 (z = 
4.12 and p < 0.000) indicating that districts sharing a border are similar with respect to 
HIV prevalence than would be expected under the null hypothesis of complete spatial 
randomness (Table 5 on page 56). Furthermore, both Lagrange Multiplier (lag) and 
Lagrange Multiplier (error) tests on the OLS model are highly significant (p < 0.000 and p 
< 0.000). And of the robust form, Robust LM (lag) is more significant than Robust LM 
(error) (p <0.00000 compared to p < 0.009). Both tests suggest that there is spatial 
dependence/autoconelation and spatial lag model should be used in the analysis because 
the Robust LM (lag) has high value and lower probability. 
This kind of spatial dependence occurs when a value observed in one location 
depends on the values observed at neighboring locations (Anselin 2003). The spatial lag 
reflects observations that are not independent and errors that are uncorrelated. The 
observed spatial lag is indicative that HIV prevalence in one district exe1is a strongly 
positive and significant effect on HIV prevalence in adjacent districts. This is suggestive 
of a possible diffusion process as HIV prevalence in one district predicts an increased 
likelihood of similar rates in neighboring places. This result also suggests that HIV 
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prevalence in Zambia is highly social in nature, and understanding the interactions between 
interdependent districts is critical to understanding the rates of HIV infection. 
On the other hand, the introduction of the spatial lagged dependent variable 
improved the models' best fit. If we compare the OLS model's measures of best fit, we 
notice an increase in the log-likelihood from -225.63 (for OLS) to -203.79, the AIC (from 
463.26 to 421.57) and SC (from 476.92 to 437.52), a decrease relative to the OLS model, 
suggesting an improvement of fit for the spatial lag specification. Table 3 on page 54 
depicts the summary results for measures of best fit for both the spatial lag model and the 
OLS model. 
The spatial autoregressive coefficient (W _PREV _2004) is estimated as 0.78 and is 
highly significant (p < 0.000000) (Table 4B on page 55). Checking the order of the Wald 
(W), Likelihood ratio (LR), and Lagrange Multiplier (LM) statistics on the spatial 
autoregressive coefficient, it was found that W = 132.25 (the square of the z-value of the 
asymptotic t-test), LR = 43.7, and LM = 32.5 (from OLS model). This corresponds to the 
expected order (W> LR > LM) (Anselin 2005) and suggests that this Maximum Likelihood 
Estimation (MLE) is good. 
There are however, some mmor differences in the significance of the other 
regression coefficients between the spatial lag model and the OLS model. For instance, 
rural residence is more significant than before (from p < 0.08 to p < 0.04), but more 
importantly, the significance of literacy rates, urban residence and unemployment rates 
changes from significant to insignificant (p< 0.26, p > 0.33, p< 0.17) respectively (Table 
4A and B on page 55). The other estimated coefficients also decrease in value. It is 
notable that the explanatory power of these variables that was attributed to their in-district 
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value was due to the neighboring locations. This is picked up by the coefficient of the 
spatially lagged dependent variable (W _PREY _2004). 
When the two model residual maps are compared, both the spatial lag model and 
the OLS model (Figure 10 A and B on page 58), show evidence of spatial autocorrelation. 
However, the spatial lag map shows that the spatial patterns of HIV prevalence in Zambia 
are a little different to the OLS model. Nevertheless, in both models, the location of large 
residuals is the same (the very dark red and blue). Both maps do suggest that similarly 
colored areas tend to be in similar locations, which implies positive spatial autocorrelation. 
Indeed this is confirmed by Moran's I test for spatial autocorrelation of the residuals that 
turned out to be positive and highly significant. There is a tendency to over-predict 
(negative residuals) in the outlying areas and a tendency to under-predict (positive 
residuals) in the core, suggesting the possible presence of heterogeneity (Anselin 2005). 
Negative standard deviation means that the predicted values exceeded the actual value. 
Both maps exhibit clustering. 
In summary, the aim of this section was, as mentioned, to investigate whether there 
was any spatial autoconelation in the regression residuals of HIV prevalence for 2004 and 
if there was any relationship between the 2004 HIV prevalence and socio-economic 
variables in Zambian districts. To come up with this result, spatial regression models in 
GeoDa were utilized. Regression residual maps reveal that location matters greatly in a 
way that is poorly understood and matters relatively little in a way that is widely thought to 
be important in HIV/AIDS research. Both regression residual models (OLS and spatial 
lag) of HIV prevalence for year 2004 show that HIV prevalence is higher in adjacent 
districts. Spatial proximity makes it more likely for events happening in one district to 
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filter to its neighboring districts. Proximity seems to lower the barriers to people's 
mobility by improving chances of contact and thus social ties that lead to opportunities for 
indulging in risky sexual behaviors. 
Geographic proximity affects each of the motives that lead people to indulge in 
risky sexual behaviors generally, and in particular, HIV prevalence. Social networks, 
friendships and development are all more likely to form where the barriers of distance are 
lower. If geographic proximity shapes the formation of social networks that plays a part in 
HIV transmission, HIV prevalence, as well as the rate of infection, are therefore not merely 
traceable to socio-economic and demographic variables but also to the nature of social 
relationships such as social networks that shape people's daily interactions. Inclusion of 
the spatial lag is therefore critical as a proxy for social network effects. 
There is also a correlation between HIV prevalence and literacy rates, 
unemployment, poverty and urban residence but rural residence is insignificant and has a 
negative value in the OLS model. An increase in urban population increases HIV 
prevalence rates in an area. Pove1iy and rural residence are the only two variables 
significant in the spatial lag model while the other variables dropped out of significance. 
However, rural residence is only significant with spatial lag model with a negative value. 
Lowering population in an area leads to a reduction in HIV prevalence rates in that area. 
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Table 3: Summary Results for Measures of Best Fit 
Test OLS Spatial lag 
Dependent Variable Prevalence 2004 Prevalence 2004 
Number of observations 72 72 
Mean dependent variable: 12.95 12.95 
S.D. dependent variable: 7.04 7.04 
R-squared: 0.62** 0.72*** 
Log likelihood: -225.63 -203.79*** 
Akaike info criterion: 463.26 421.59*** 
Schwarz criterion: 476.92 437.52** 
***Improved measure of fit 
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Table 4 : Relationship of Dependent and Independent Variables, A, Results from 
Ordinary Least Square Model (OLS), B, Results from the Spatial Lag Model with 
Maximum Likellihood (lYILE) 
A 
Variable Coefficient Std.Error t-Statistic Probability 
CONSTANT -0.201 1.415 -0.142 0.000*** 
Literacy rates 0.112 0.034 3.268 0.021 ** 
% Unemployed 0.182 0.089 2.043 0.016** 
% Population Rural -1.698 1.798 -0.944 0.088 
% Population Urban 4.243 1.511 2.808 0.006** 
% Population poor 6.836 2.337 2.925 0.011** 
B 
Variable Coefficient Std.Error z-value Probability 
W PREY 2004 0.783 0.067 11.53 7 0.000*** 
- -
CONSTANT 4.553 1.5116 3.002 0.258 
Literacy rates -0.028 0.025 -1.131 0.258 
% Unemployed 0.089 0.065 1.379 0.167 
% Population Rural -2.722 1.298 -2.096 0.036* 
% Population Urban 1.051 1.099 0.955 0.339 
% Population Poor 3.382 1.693 1.997 0.045* 
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*** Very highly significant at p < 0. 000 
**Highly significant at p < 0. 05 
Table 5: Diagnostics for Spatial Dependence from OLS 
TEST MI/DF 
Moran's I (error) 0.286419 
Lagrange Multiplier (lag) 1 
Robust LM (lag) 
Lagrange Multiplier (error) 1 
Robust LM (error) 1 
Lagrange Multiplier (SARMA) 2 
*** Very highly significant at p < 0. 000 
**Highly significant at p < 0. OJ 
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VALUE PROB 
4.1208500 0.0000378*** 
32.5063660 0.0000000*** 
26.8532791 0. 0000002 * * 
12.3788027 0.0004342*** 
6.7257158 0.0095033 
39.2320818 0.0000000*** 
A 
B 
«-1!.19(2) 
-11.19- -5.59 (6) 
-5.59- -0.00 (30) 
Meau ~ -0.00 
-0.00 - 5.59 (25) 
5.59- 11.19 (6) 
, 11.19 (3) 
SM Deviation: LAG_PRDERR 
< -10.99 (I) 
-10.99- -5.77 (8) 
-5.77- -0.55 (27) 
Mean= -0.55 
-0.55- 4 .68 (25) 
4.68- 9.90(8) 
• > 9.90(3) 
Figure 10: A, Regression Residuals from the OLS Model by District for 2004, B, 
Regression Residuals from the Spatial Lag Model by District for 2004 
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4.3: UNAJDS Estimation and Projection Package Estimates 
Results from spatial regression models and maps generated with inverse distance 
weighted interpolation show that only four years were used in the study: 1994, 1998, 2002 
and 2004. Some of the years were excluded in the study. Since there was considerable 
variation in the number of data that were repmied for each consecutive year at each clinic 
from 1985 to 2002 only the four years were selected for further analysis. There is a body 
of literature pointing to the fact that datasets with a lot of missing values have problems 
that make inclusion of such datasets in a GIS or Spatial regression model inappropriate. 
While it is possible to predict and forecast HIV prevalence using interpolation, the 
conditions under which interpolation will produce efficient predictive and forecasting 
power of HIV prevalence are quite limited and are unlikely to be met in practice. One 
pmiicular problem is that HIV is still not a reportable condition in Zambia as well as other 
Sub-Saharan countries. 
Predictive and future forecasting of HIV prevalence is therefore usually estimated 
using mathematical models such as UNAIDS Estimation and Projection Package (EPP). 
The EPP teclmique has been developed to provide a framework within which HIV 
surveillance data can be explored, generating a national representation of the HIV epidemic 
to date (Ghys et al. 2004). The software has three important interfaces; HIV entry data 
page, projection page and results page respectively. Steps to which data was entered into 
the software are discussed in turn. Initially, a spreadsheet was opened and the country to be 
modeled selected, in this case Zambia. A geographical sub-population (population 15-49 
years) was then chosen with a sub-epidemic defined as (HIV prevalence in percentage). 
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The population of those aged 15-49 years old was chosen under the assumption that this 
group is representative of sexually active individuals. Thereafter, all the available HIV 
data for all the sites and years were entered into a spreadsheet starting from 1985 to 2002 
for all 16 sites. In most cases the EPP program is able to determine the best fitting curve. 
In some cases this does not happen and the curve is fit manually. Many of the manual 
curve fits were required because there are few sites with data points describing the early 
phases of the epidemic. In these cases the model could not determine when prevalence 
reached at plateau. This curve was also projected into the near future; in this case 2010 
(Figure 11 on page 63). The projection of these curves to 2020 is meant to indicate the 
future situation if past trends continues. These projections are not a prediction of what we 
expect to happen, since we expect that prevention programs will eventually lead to a 
reduction in HIV prevalence. 
4.4: Generating Current HIV Prevalence and Predicting Fl(ture HIV Prevalence 
The graph obtained from the model for years 1985- 2010 reveal a sharp increase 
of HIV prevalence rates since 1984 when HIV was first reported in the country. 
Prevalence rates for the general population (15 years to 49 years) seems to have reached a 
peak during 1988 to 1990. By 1992, a gradual drop is observed and this trend continues 
till 2004. If current trends continue, HIV prevalence in Zambia is expected to stabilize or 
even decrease further. Inspection of the generated table for predicted prevalence rates for 
periods 1980 -2010 confirms that even as population of those aged 15 years and above 
increases, prevalence rates will continue to decrease. Percent number of people positive 
was estimated to be 14.56 in 2010 compared to 15.89 in 1991. The nature of this pattern is 
reflective of the generated mean HIV prevalence rates that were obtained through inverse 
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distance weighted (IDW). This result coincides with ongomg HIV prevention and 
education measures that have been implemented by the goverm11ent of Zambia and its 
collaborating international pminers over the past decade. Appendix II on page 79 depict 
current national HIV prevalence rates as well as predicted prevalence rates for the country 
obtained from EPP. 
In summary, EPP is an improvement over the EPIMODEL because instead of 
using a start date for the epidemic and a single prevalence estimate to define a gamma 
curve to represent HIV prevalence (Chin and Lwanga 1991), the EPP allows the 
stratification of the national population into groups and allows the appropriate weighting of 
surveillance data to be user defined, facilitating careful consideration of the 
epidemiological situation. The package allows the user to manually override the statistical 
best fit, while being cautious to erroneous estimates that could arise based on the a priori 
assumptions of the researcher. The software package used in the forecast was downloaded 
from UNAIDS website at: http://www.unaids.org. 
The results of the EPP successfully predicted HIV prevalence rates in the general 
population as percent number of people positive stmiing from 1985 to 2010. Prevalence 
rates across years appeared to be increasing and then stabilizing over time. These patterns 
echo other studies that showed a sharp HIV prevalence rate during the 1980s and then a 
decline or stabilization over the mid 1990s till 2000 (Cheembo 2007; Fylkesnes, Musonda, 
Sichone, Ndhlovu, Tembo, and Monze 2001). This is consistent with behavior change 
programs that are operational in the country. Lastly but not the least, the estimates used in 
this study were done at national level, thus they have important implications for the 
interpretation of ANC based HIV estimates and underscore the importance of local 
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estimates (district level estimates). There is need for more research in this area. However, 
present finding suggest that there is an urgent need to increase efforts to have more ANC 
based HIV monitoring in all districts in the country in addition to population-based 
surveys. This is likely to improve HIV infection monitoring given the changing population 
dynamics and varying HIV prevalence rates that exist at the local level that may not be 
captured at national level. 
62 
> i 
40 
:Jo 
0 
0 0 
0 
F.:ernainin~1 Pop 
--=;~. 
!!! 20 
:I 
TI 
(1) 
·s 
c 
0) 
~ 
0) 
CL 
0 0 0 
0 
10 
/ 
o~~~r-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-+-~-r-r-r-r-r-r-r-r-r~ 
1980 I 982 I [184 \986 I 988 1990 1992 I 994 1996 I [198 2000 2002 2004 2006 2008 201 0 
Figure 11: The Epidemic Curve for HIV Prevalence in Zambia From 1980 to 2010 
63 
CHAPTER V: DISCUSSION 
5.2. Investigation of Spatial Patterns of HIV Prevalence Rates 
Analyses of spatial patterns of HIV for the four years under study (1994, 1998, 
2002 and 2004) reveal a gradual declining trend in HIV prevalence across the country. 
This result holds whether spatial pattern is assessed using inverse distance weighting or by 
mean HIV prevalence obtained from zonal statistics as illustrated by Figures 9 on page 49. 
It can be seen from both IDW and mean HIV prevalence maps that HIV prevalence is 
highest in 1994 and is more pronounced in urban areas and in provincial headquarter 
districts than in rural areas. 
One possible explanation of the observed high prevalence in urban and provincial 
districts could be due to high population density in these areas as well as existence of most 
services. The result has been a rural/urban drift coupled with high unemployment and 
perhaps indicating higher levels of risk sexual behaviors. The high rate of urban drift may 
have contributed to high HIV prevalence rates in these areas since urban areas have the 
highest prevalence rates. Unfortunately, the patterns and number of those moving to cities 
is unknown. Nevertheless, results suggest that responsible sexual behavior messages 
should be targeted to both rural and urban residents so that as people migrate from rural to 
urban areas, they would already have had the information needed to protect themselves 
from contracting the deadly disease. 
Provincial districts exhibiting high prevalence rates are points of interest and they 
include, Mongu in Western, Solwezi in Northwestern, Livingstone in Southern, and 
Luangwa and Chipata in Eastern province. These areas provide an opportunity to examine 
the role played by social amenities that exist in urban areas versus rural areas. Clearly, 
64 
most socio-economic exchanges in Zambia take place in provincial districts. Provincial 
districts tend to have political influence, good infrastructure as well as social amenities 
such as nightclubs, hospitals and banks. As a result, people from other districts come to 
these areas every month-end to collect their salaries giving them an opportunity to engage 
in more leisure activities including drinking, bar hopping and sexual relations. Thus, high 
prevalence rates in these areas may have resulted from exchanges among humans and the 
provincial districts. 
Additionally, with an exception of Mongu, most of the provincial districts border 
other neighboring countries indicating that factors other than socio-economic indicators 
need to be considered in order to explain the source of this clustering in prevalence rates. 
One mechanism that could explain this clustering at borders could be a result of human 
migration from neighboring countries and people visiting these areas from elsewhere. For 
example, Livingstone is known to be a tourist place as a result people coming into the city 
could be responsible for the high prevalence rates in the area as well as the rise in 
prostitution. Similarly, Luangwa district is home to one of Zambia's largest wild life 
reserve that brings in thousands of visitors per year. 
5.2 Relationship Between Socio-Economic Variables and 2004 HIV Prevalence 
Analysis of regression residual maps suggests strong spatial autocorrelation of HIV 
prevalence in the country, as one would expect on account of its strong link: with socio-
economic and demographic variables. There is a tendency to over-predict (negative 
residuals) in the outlying areas and a tendency to under-predict (positive residuals) in the 
core, suggesting the possible presence of heterogeneity (Anselin 2005), which holds with 
both OLS and spatial lag models. The geographical distribution of HIV prevalence in the 
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country deviates significantly from a complete random process as districts formed clusters 
suggesting that HIV prevalence in one district predicts an increased likelihood of similar 
rates in neighboring places. This supports the hypothesis that districts with high HIV rates 
will be located in similar locations. These results might be due to one district's proximity 
to its neighbors that might be linked to the diffusion of the HIV between neighboring 
districts. This is based on the premise that location and distance are important forces at 
work. In addition, the clustering of high HIV prevalence districts may be related to social 
activities that affect one's chances of indulging in risk behavior. Figure 1 OA and 1 OB show 
residual maps that depict this observed spatial autoconelation. 
Clusters obtained from IDW and mean HIV prevalence rates in conjunction with 
OLS and spatial lag model residual maps are reason to investigate other underlying 
explanations for the geographical distribution of HIV prevalence in Zambia. Most 
importantly, the relationship between the 2004 HIV prevalence and socio-economic 
variables may elucidate the role played by socio-economic and demographic determinants 
in HIV rate variations. 
A positive significant association between the 2004 HIV prevalence and literacy 
rates is evidenced by the results of the OLS model that contradicts the hypothesis that 
literacy rate for those aged 15 and 25 years is negatively associated with HIV prevalence in 
the country. The assumption was that, the more educated people are the more likely they 
will be in seeking HIV I AIDS information thus a reduction in HIV prevalence. The result 
suggests on the contrary, the more educated one is, the more likely they are to engage in 
risky behaviors thus contracting HIV. This may also be ascribed to the fact that educated 
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people tend to have high earning power as well as more disposable income to support risky 
behavior. 
Additionally, the association between literacy rate and HIV prevalence can also be 
explained by the socio-economic differences among different genders as a result of 
educational attainment. For example, more men in Zambia are educated when compared 
to women and are more likely to be mobile, working from an urban enviromnent to a rural 
environment. As such men tend to have more social networks and opportunities for high 
paying jobs as well as leisure activities that lead to extra marital affairs. Extra marital 
affairs have become an ethos for those living in cities in Zambia. 
From these results, it appears that education and its financial benefits has become a 
risk factor in HIV transmission. This is consistent with previous studies that showed that 
HIV transmission is directly linked to education, urban living and high income 
(Gisselquist, Potterat, Brody, and Vachon 2003; Potts 2003). This study shows that a 
person's socio-economic status can reinforce a person's behavior that can put s/he at risk 
for contracting HIV. If this is true, HIV education programs in the country will require an 
integrated approach combining HIV prevention messages as well as offering economic 
empowerment for those at risk and for diseases control. The significant negative 
association between rural residence and HIV prevalence support the hypothesis that HIV 
prevalence is associated with rural residence. The lower the percentage of people a rural 
district has, the lower the HIV prevalence is likely to be for various cultural and socio-
economic reasons. First, Zambia has been experiencing an rural/urban drift since its 
independence in 1964. Mostly, young energetic people, groups that are more likely to 
engage in risky sexual behaviors, migrate to urban areas in search of jobs leaving rural 
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areas with a less risk adult population. Secondly, rates could be lower in rural areas mainly 
because of cultural and local norms. While illicit sexual behavior may be tolerable in cities, 
in most rural areas it is seen as a sign of lack of good morals that brings shame on one's 
family. As such people tend to refrain from indulging in sexual relations for fear of 
embanassment and being stigmatized. Additionally, smaller number of people living in 
rural areas also means that people tend to know their neighbors very well. Every person's 
affairs is everybody else's business, hence there is no room for secrecy or unfaithfulness. 
Poverty is also correlated significantly with HIV prevalence. As poverty level 
increases in a district so are that district's HIV prevalence rates. This was expected as 
studies have shown a link between poverty and HIV transmission in different countries in 
Sub-Saharan Africa (UNAIDS 1998; Whiteside 2002). Similarly, women and young girls 
have been reported to engage in prostitution for economic reasons (Whiteside 2002; ZDHS 
200 1-2002). This in itself raises concern considering the high number of youths in the 
country who have finished high school and even college but are lacking jobs. If nothing is 
done to alleviate this situation, the observed declining rates might be reversed. HIV 
prevention messages alone might not be enough to fight the deadly disease that has 
handicapped the country of its young talented professionals. There is need for immediate 
government intervention that directly relates to intervening in ending unemployment 
among youths. We find that geography clearly shapes the diffusion of HIV prevalence in 
Zambia and that though there are significant differences in the geographic distribution of 
HIV prevalence across the country urban areas still remain epicenters for the epidemic. 
However, though urban areas have a higher prevalence rate, a general decline was 
observed across the country. 
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CHAPTER VI: CONCLUSION 
Since a significant percentage of people in Zambia are living with HIV, it would be 
more beneficial to initiate HIV I AIDS programs that target certain groups of the population 
such as those living with HIV, women, sex workers, track drivers and young people 
emphasizing condom usage and communication over and above testing and educational 
campaigns. HIV sentinel clinics have been set up across the country and pregnant women 
attending these clinics are being tested, diagnosed and are being treated for the disease. 
The only problem is that currently treatment centers are only in urban areas just like 
everything else. The question is what should be clone to those people who are infected and 
are in need of treatment in rural areas. Presently, the situation is to wait and see if these 
people die and those with rich relatives often times seek medical help from private doctors 
seldom with traditional doctors. Often times though, people infected in rural areas do not 
know their HIV status as the disease is rarely diagnosed or is treated as other illnesses such 
as malaria or tuberculosis. 
This is compounded by the fact that though sentinel clinics have been set up there 
are sparsely distributed and do not cover all districts making HIV diagnosis problematic. 
Additionally, most sentinel health clinics are government owned and are poorly equipped 
and funded to be able to serve the populace. As a result those infected in areas with no 
surveillance or treatment clinics are practically abandoned by the health system. Out of 
568 health clinics that are in existence in the country only 26 have been designated as 
sentinel surveillance clinics. The government together with its cooperating local and 
international partners must move fast to design and finance HIV I AIDS programs that are 
gender and age specific as well as open up more sentinel clinics. 
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There is no evidence to show the number of people dying from AIDS related 
illnesses in the country but surveillance records indicate a decline in HIV prevalence, thus 
behavioral change can be inferred in this study. The number of HIVIAIDS programs and 
campaigns that are operating in the country seem to be working well though there is still 
room for improvement as the declining prevalence rates could be indicative of other 
operating factors. For example, the number of new infections could have started to be 
balanced by the high number of people dying from AIDS. In Zambia, it is still very 
difficult to isolate people dying from HIV I AIDS related complications from those dying of 
other diseases. As such the relationship between HIV prevalence and AIDS mmiality 
cmmot be recognized in this study. · 
Similarly, we cannot say that an increase in HIV prevalence in urban areas leads to 
an increase in AIDS related deaths. Besides with improved AIDS therapy, death is now 
being delayed among those living with HIV particularly for those living in urban areas 
than for those living in mral areas. A study by Adari found a similar situation in Kenya 
(Adari 2004). Urban dwellers are having better chances at prolonging the onset of the 
disease as they have better access to treatment, better lifestyle and often times better diets. 
There is need to extend HIV treatment pro grams that are in existence in urban areas to 
rural areas. 
Ravaged by poor rainfall, a lack of fe1iilizers and high unemployment rate, poverty 
has become a major determinant of HIV prevalence across Zambian districts. It was clear 
from the study that pove1iy is a key determinant of HIV prevalence rate in the country. 
There is need for poverty reduction programs to be tied with HIV I AIDS prevention and 
education programs as the disease is embedded in the pove1iy cycle. Improving people's 
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socio-economic status empowers people to make better decisions about their health, have 
better access to health resources and will be better at protecting themselves from the deadly 
disease thus a reduction in HIV prevalence. Though past studies found a link between 
HIV prevalence and wealth, it is also true that HIV prevalence increases with pove1iy and 
as such most developing countries such as Zambia whose majority population lives below 
poverty line are endangered. A lack of resources, poor infrastructure and poor political 
prioritization limit combating the scourge. Pove1iy reduction efforts in the country are 
often times donor-driven and are not sustainable. Also, a number of HIV/AIDS illnesses 
coupled with the high number of funerals have taken people's time away from being 
productive as they are spending more and more time attending and preparing for funerals. 
Funerals are extra costs that exert financial constraints on the already constrained financial 
resources of these communities more so in rural areas. 
Finally, the conclusions regarding the spatial patterns of HIV prevalence in 
Zambia were drawn using sentinel data that was obtained from testing pregnant women 
attending designated clinics from years: 1994, 1998, 2002 and 2004. It is necessary to 
validate these conclusions with data obtained from demographic health surveys. 
Particularly, data on prevalence among different age groups as well as locales as it would 
provide further evidence to validate the conclusions above. 
In addition to investigating prevalence in different sub-populations, it would be 
useful to evaluate the role of human migration within and in between districts. Analysis of 
the patterns of human migration in relation to HIV transmission would assist in explaining 
the high prevalence rates in urban and provincial districts. Specifically, the nature and 
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scale of clustering of prevalence rates around border districts would better be explained 
using both international and country migration patterns. 
6.1: Study Limitations 
A number of biases must be taken into account when interpreting the results noted 
above. HIV diagnostic data are limited to pregnant women who attend designated sentinel 
clinics and then are tested, and so trends in these numbers may be influenced by testing 
patterns or improved ability to remove duplicate tests. In addition, identifying information 
that accompanies HIV testing data is sometimes incomplete or inaccurate, and this may 
limit the usefulness of HIV sentinel data. Results of cohort studies are limited by selection 
biases, loss to follow-up, and problems with generalizability. Similarly, studies that have a 
cross-sectional design have their own respective limitations. 
Despite these issues, available data show that the HIV prevalence in Zambia 
continues to be a serious problem. HIV infection continues to spread in vulnerable 
populations and across the country. Although HIV prevalence is higher in urban centers, 
increasingly it is now being seen in rural areas. Additional epidemiologic data are needed 
to better define the extent of the problem and to guide the development and refinement of 
effective prevention policies and programs. These data are especially needed for rural areas 
and for prisoners, women and youth. Despite the limitations, identification of causes of 
changes in prevalence and incidence of HIV at a national level is important for plalllling 
future prevention and intervention needs in the country. HIV still remain Zambia's number 
one public health problem. 
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APPENDICES 
Appendix 1: Interpolated Average HIV Prevalence Rates from IDW by District, 1994, 
1998, 2002 and 2004 
DISTRICT 1994 1998 2002 2004 
Shangombo 17.49 18.95 21.18 10.00 
Sesheke 20.22 21.04 21.46 16.10 
Senanga 19.81 20.96 23.49 10.00 
Kabwe Urban 29.90 26.75 28.77 23.80 
Kalabo 12.25 11.27 14.42 10.00 
Sinazongwe 13.30 9.00 10.51 7.50 
Itezhi-Tezhi 6.68 18.13 16.71 7.50 
Namwala 15.25 17.76 15.90 7.50 
Monze 19.80 17.54 14.30 19.20 
Mazabuka 25.00 22.50 19.37 22.50 
Livingstone 32.30 30.74 31.60 30.90 
Kazungula 23.37 20.27 13.55 18.54 
Kalomo 23.36 20.21 13.58 18.56 
Gwembe 16.71 14.00 12.11 7.50 
Zambezi 7.10 14.85 14.94 8.80 
Solwezi 22.93 20.29 13.54 12.35 
Mwinilunga 12.68 16.10 14.34 8.80 
Mufumbwe 8.56 12.28 10.90 7.30 
Kabompo 4.80 9.34 7.94 7.20 
Chavuma 7.00 15.67 15.96 8.80 
Katete 15.96 15.00 14.96 18.10 
Mporokoso 12.90 12.85 14.49 5.20 
Mbala 12.62 6.05 7.05 6.50 
Mpulungu 12.00 5.23 6.23 12.63 
Kasama 23.80 14.42 18.38 12.60 
Mungwi 23.02 14.32 18.00 5.20 
Isoka 10.60 11.62 7.71 5.30 
Nakonde 11.00 12.06 10.36 12.60 
Chins ali 15.62 13.18 12.68 5.40 
Kafue 23.20 21.61 21.88 22.40 
Chongwe 23.82 23.12 23.61 19.00 
Samfya 20.00 19.08 19.13 8.20 
Nchelenge 15.30 13.29 18.91 9.80 
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CONTINUED: 
DISTRICT 1994 1998 2002 2004 
----··--·-·--------··--·----·--------------·--·-------···------·--------··-····-·-----------·-···--····-----
Petauke 9.60 9.45 10.13 9.30 
Nyimba 10.00 16.03 15.06 9.00 
Mongu 28.60 27.61 31.78 22.20 
Lundazi 19.10 19.34 18.18 18.10 
Choma 9.10 7.35 7.72 19.20 
Chipata 29.56 27.22 27.17 25.30 
Mambwe 21.15 19.44 18.30 9.80 
Chadiza 26.82 23.91 23.25 9.80 
Ndola Urban 27.90 27.71 22.74 26.60 
Mufulira 23.10 24.04 15.98 19.00 
Masaiti 11.40 9.97 9.69 11.30 
Luanshya 11.40 9.97 9.69 19.00 
Kitwe 33.80 29.00 14.49 26.60 
Kalulushi 29.99 26.47 14.08 19.01 
Chingola 24.27 22.37 15.63 26.60 
Mpika 16.80 16.42 16.04 12.60 
Kapiri Mposhi 13.50 15.70 21.90 18.50 
Serenje 17.04 18.16 13.80 12.00 
Mumbwa 18.38 19.26 18.58 11.60 
Mkushi 20.05 20.47 20.92 11.60 
Kasempa 9.50 8.79 8.06 7.40 
Lusaka Urban 27.53 27.08 27.78 22.40 
Chibombo 25.38 24.26 25.43 21.10 
Chililabombwe 23.82 21.75 15.88 24.73 
· Chilubi 19.77 17.16 17.42 9.31 
Luwingu 17.98 15.52 16.83 8.49 
Mpelembe 17.39 15.76 14.08 18.18 
Chama 17.33 15.84 15.83 9.39 
Kaoma 12.49 15.99 15.37 10.00 
Lukulu 14.37 17.45 19.38 8.80 
Mans a 23.80 21.10 22.22 11.62 
Milenge 21.75 20.27 18.67 8.20 
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Appendix 2: EPP Predicted HIV Prevalence by District, 1980 to 2010 
Number Living with 
Year Percent Positive HIV Population 
with HIV 
1980 0.00 0.00 4,084,813 
1981 0.03 1,366 4,204,792 
1982 0.10 4,276 4,329,078 
1983 0.29 13,135 4,457,963 
1984 0.86 39,397 4,591,423 
1985 2.35 110,923 4,729,093 
1986 5.52 268,883 4,870,511 
1987 10.01 502,074 5,014,576 
1988 13.67 705,075 5,158,60! 
1989 15.44 818,129 5,299,523 
1990 15.95 866,694 5,435,091 
1991 15.89 884,202 5,564,298 
1992 15.62 888,645 5,687,339 
1993 15.30 888,453 5,805,431 
1994 15.00 887,927 5,920,571 
1995 14.74 889,575 6,035,230 
1996 14.55 894,923 6,151,685 
1997 14.42 904,622 6,271,318 
1998 14.37 918,836 6,396,102 
1999 14.36 937,251 6,527,200 
2000 14.39 959,119 6,664,975 
2001 14.44 983,163 6,806,921 
2002 14.50 1,007,825 6,949,876 
2003 14.55 1,031,906 7,092,558 
2004 14.58 1,055,090 7,236,587 
2005 14.59 1,077,652 7,383,734 
2006 14.6 I ,099,921 7,534,627 
2007 14.59 1,122,133 7,689,196 
2008 14.58 1,144,477 7,847,180 
2009 14.57 1,167,134 8,008,368 
2010 14.56 1,190,271 8,172,672 
81 
